Abstract-One of the major contributors to the native form of protien is cystines forming covalent bonds in oxidized state. The Prediction of such bridges from the sequence is a very challenging task given that the number of bridges will rise exponentially as the number of cystines increases. We propose a novel technique for disulphide bridge prediction based on Fuzzy Support Vector Machines. We call the system DIzzy. In our investigation, we look at disulphide bond connectivity given two Cystines with and without a priori knowledge of the bonding state. We make use of a new encoding scheme based on physico-chemical properties and statistical features such as the probability of occurrence of each amino acid in different secondary structure states along with psiblast profiles. The performance is compared with normal support vector machines. We evaluate our method and compare it with the existing method using SPX dataset.
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I. INTRODUCTION
The results of the Human Genome project have left a significant gap between the availability of the protein sequence and its corresponding structure [28] . The dependence on experimental methods may not yield protein structures fast enough to keep up with the requirement of today's drug design industry. X-ray crystallography, which is the most popular technique for protein structure determination, makes use of tertiary structure in the molecular modelling stage [1] , [18] . With the availability of abundant data, it has been shown that it is possible to predict the structure using machine learning techniques. As the prediction of tertiary structure from protein sequence is a very difficult task, the problem is usually subdivided into secondary structure prediction and super secondary structure prediction leading to tertiary structure. At the secondary structure level Solvent Accessibility and Disulphide Bridge prediction has been shown to significantly effect further processing.
There are twenty amino acids which are the primary building blocks of proteins. The chemical properties of these amino acids are mainly responsible for the unique fold each protein attains in its native state. Cystine is a unique amino acid which largely contributes to the final fold, function and evolution of proteins. These are often the most conserved regions in proteins. The proteins that contain these cystines are often subject to post-translational covalent modifications. [7] equated the problem of connectivity prediction to graph matching. They furthered their work by making use of a Neural network [8] and reported a decent recognition accuracy. More recently in 2005, Ferre and Clote [10] emphasized the importance of secondary structure information and proposed a diresidue neural network for predicting the bridges. Apart from these some substantial work has been done by Cheng et. al. [4] , [3] . They have investigated the discussed questions in detail and raised two more questions, given a sequence, namely: is it possible to find whether it has disulphide bond or not and secondly how many disulphide bonds are contained in the sequence containing the bonds. They used a Support Vector Machines (SVM) to answer the first question and recursive a neural network to answer the rest of the questions. They also curated a new dataset as an extension to SP39 and SP41 datasets, which they called the SPX dataset. Cheng et. al. reported the highest accuracy so far in spite of larger curated dataset. We attempt to extend their work by improving the highest reported accuracy with the help of Fuzzy Support Vector Machines (FSVM).
In this paper, we propose a novel technique based on Fuzzy Support Vector Machines for Disulphide Bridge Prediction. We call the system DIzzy. In our investigation we look at disulphide bond connectivity given two cystines with and without a priori knowledge about the bonding status. Hence we address the two major problems of bridge classification and bridge prediction. As the disulphide bridge is affected by chemical and physical characteristics, we make use of a novel encoding scheme. We first investigate the performance of normal Support Vector Machines (SVM) and then compare it with the performance after fuzzifying the feature space.
II. DISULPHIDE BRIDGES
The native form of protein is largely the result of to the chemical properties of the amino acids. Formation of disulphide bonds between cystines is a unique feature responsible for the final fold, function and evolution of proteins. As a result they are the most conserved regions in the proteins. Cystines can occur in basically two forms -Oxidized and Reduced State. The cystines in oxidized state often form covalent bond between each other which is termed as Disulphide Bridge. The chemical reaction forming the bridge is given by the following equation:
2CH2SH + 202 = CH2SSCH2 + H20 Information about the location of the disulphide bridges will reduce the search space in the protein folding problem [23] , [16] . The presence of disulphide bridges results in thermodynamic stability in any given proteins [2] and the reduction of the same leads to functional differences [9] . Hence the study of disulphide bridge pattern has become very important. Figure 1 shows the sequence of protein lAS5 (Chain A) and the folding nature due to disulphide bonding (2).
III. SUPPORT VECTOR MACHINES
Support Vector Machines (SVM) are a new class of tools used in classification and regression introduced by Vapnik [5] . When used as a binary classifier, an SVM will construct a hyperplane which acts as the decision surface between the two classes. This is achieved by maximizing the margin of separation between the hyperplane and those points nearest to it. The idea is further extended for data that is not linearly separable by first mapping it to a possibly higher dimension feature space. The SVM formulation is desirable due to its mathematical tractability and good generalization properties. The data to be classified is formally written as
The nonlinear feature map X (x) : x c Rm -, Rd (m < d)
is never explicitly used in the calculation. Vapnik [5] suggests that the form of the hyperplane, f (x) E F be chosen from a family of functions with sufficient capacity. In particular, F contains functions for the linearly and non-linearly separable hyperplane having the following forms:
Now for separation in feature space, we would like to obtain the hyperplane with the following properties:
The conditions in eq. 4 can be described by a strict linear discriminant function, so that for each element pair in e we require: (5) The distance from the hyperplane to those points lying closest to it is 1 , by geometry. The soft-margin minimization 
The constant C is selected so as to compromise between the minimization of training error and prevention of over-fitting. Applying Lagrangian Theory, the following dual problem in terms of Lagrange multipliers ai is usually solved n 1n min a (a) = -E y y
The explicit use of the nonlinear function j(.), has been circumvented by the use of a kernel function, defined formally as the dot products of the nonlinear functions 
IV. Fuzzy SUPPORT VECTOR MACHINES
In most real world problems we find that a given situation can fall into different categories with different levels of confidence. Fuzzy logic is a tool that embeds such human knowledge into workable algorithms [27] (15) Fuzzy membership function Choosing an appropriate fuzzy membership function can be challenging. From our experiments, we were able to make out that the outliers were the major cause of bad classification results when using the SVM method. Hence we used the class center method to reduce the effect of these outliers [19] . [17] the above were chosen. A second set containing position specific scoring matrix (PSSMs) generated by PSI-BLAST [24] using nonredundant (NR) database was used. pfilt [6] was used to filter the low complexity regions, coiled-coil regions and transmembrane helices before subjecting to PSI-BLAST. We choose an E-value of 0.001 and 3 iterations for PSI-BLAST. BLOSUM62 matrix was used for multiple sequence alignment. After getting the PSSMs, a window of length w was considered around every residue and this is used as a feature for the classifier. PSSMs have w * L elements where L is the length of the protein chain. We used the following function to scale the profile values from the range (-7,7) to the range (0,1) [15] . where x is the value of the PSSM matrix. Instead of taking only 20 values per residue as a feature vector, we considered a window of length w and all the values within the window were considered [14] . The final feature length for each cystine pair is w*20+ 10. We first consider the problem where the bonding status of the given Cystine is known. As the bonding status is known, the problem reduces to 2-class classification. We first apply Support Vector Machines with C = 10 and a polynomial kernel with D = 2. We then use Fuzzy Support Vector Machines with the same parameters. The SVM implementation we used was SVMHeavy 2 [25] , [26] 
VI. RESULTS AND DISCUSSION
As can be seen clearly from table I, the proposed method outperforms earlier methods. The normal SVM gives 4% higher sensitivity and 8% higher specificity than the earlier method of Cheng et. al. [4] . Although overall our results were higher, during our experiments we found that there was a lot of variation in results for different folds (for a 5 fold experiment). By plotting a smaller set of features we found that this variation was due to the presence of outliers. Hence we extended our work to Fuzzy Support Vector Machines where we used the fuzzy membership function based on centroid of different classes for classification. As we expected, the results were higher for FSVM than for normal SVM. The overall sensitivity of the FSVM was 9% higher than the earlier methods, and the specificity 12% higher, clearly demonstrating the superiority of the proposed method.
The same was true for the prediction problem. We measured the performance using the overall accuracy at bridge level as well as at protein level. In bridge pattern prediction, the SVM results were not particularly impressive compared to earlier results (in fact, they were almost the same). However, FSVM outperformed the earlier methods by 7%. The The first set of sensitivity and specificity are the results from Chang et. al. [4] . The second set is the result for Normal SVM The third set is the result of FSVM Disulphide bridge pattern prediction is a hard problem on which relatively little work has been undertaken. In this paper, we have proposed a novel method to predict disulphide bridges based on Fuzzy Support Vector Machines. The two important problems of bidge classification and bridge pattern prediction have been discussed. The use of profiles along with statistical and physico-chemical parameters as features has been investigated. The effect of outliers on normal support vector machines has demonstrated and a fuzzy membership function incorporated into the feature space to reduce this effect. The method results in appreciable improvement in sensitivity, specificity and recognition accuracy. In future, we plan to further extend our approach to classify sequences containing disulphide bonds and also those not containing them. We also plan to consider the problem of predicting the number of bridges present in a given sequence. 
